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Biofuel production-driven land-use change in agricultural land can have impacts on
ecosystem services. Since there is no planned mandate after the Renewable Fuel Standard, there
are questions about what implications will future land-use changes have on water quality and
how do water quality changes, resulting from potential bioenergy scenarios, affect changes in
people’s well-being? To answer these questions, I will estimate the value of the predicted
changes in water quality under biofuel policy scenarios in counties inside the Mississippi River
Basin. From this study, I found that as the percent of land-use changes increase across each
county, water quality decreased. I also found that for every unit increase for the change in water
quality index, the percentage of individuals’ willingness to pay for a change in water quality
would increase. The predicted willingness to pay for a change in water quality for a given
household varied from -$72 to $143.
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CHAPTER I
INTRODUCTION
Bioenergy crop production over the last few decades has been an important production
system in agriculture. The demand for bioenergy crop production in the United States began
when alternative fuels used in transportation were introduced. The production of biofuel is an
alternative to oil being used in transportation fuels. In 2005, the United States introduced the
Renewable Fuel Standard (RFS) from the Energy Act demanding the increase in bioenergy crop
production for biofuel (U.S. Congress 2005). One of the main goals for RFS was creating an
alternative transportation fuel for jet fuel or diesel. The RFS mandate called for the increase in
biofuel demand for the years 2008 to 2022. After RFS was introduced in 2005, the Renewable
Fuel Standard 2 (RFS2) was enacted in 2007. The RFS2 mandate increased the original demand
introduced in RFS increasing both biofuel production and the percent ethanol in fuel (Rider et al.
2014). During RFS the percent ethanol in fuel was 10% (i.e., E10), RFS2 increased this
percentage of ethanol in fuel to 15% (i.e., E15).
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Figure 1.1

RFS Mandate 2008-2022

Source: Gronkvist et al. (2013)

When government policies are enacted, there are many different outcomes to consider
with such a high demand for biofuel production. As biofuel demand pushes for more bioenergy
crop production, policies like RFS and RFS2 that call for this type of production create land-use
and land cover changes that can result in changes in ecosystem services. If ecosystem services
are impacted from bioenergy crop production, this can influence the communities surrounding
them. In Figure 1.1, the mandate for RFS2 reveals how the demand for bioenergy crop
production would increase production of biofuels from 2008 to 2022 (Gronkvist et al. 2013). In
figure 1.1, the amount of biofuel production is increasing each year leading to potential land-use
changes.
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Figure 1.2

Yearly Corn Future Prices (2004-2012)

Source: Chicago Board of Trade Commodity Futures Contracts available at:
https://futures.tradingcharts.com/ (accessed: 8/20/2020)
The land-use changes created from the increasing biofuel production will have an impact
on ecosystem services. One reason the increasing demand for bioenergy crop production leads to
land-use changes is the increase in prices of bioenergy crops. Since RFS and RFS2 mandates
increased prices of crops used in biofuel production, this created an incentive for producers to
start growing the crops used in biofuel production. Figure 1.2 is from the Chicago Board of
Trade commodity futures contracts that show the predetermined amount of corn at a specific
price on that upcoming date. In Figure 1.2, there is a surge in the price of corn after the year
2005 when the RFS was mandated. When the year 2007 begins, there is another major increase
3

shown in corn prices in the United States after RFS2 was introduced. From figure 1.2, both in
2005 and 2007 there was an increase in the price of corn. However, this increase is corn prices is
not strictly due to the RFS and RFS2 policies being implemented, but it is important to note that
around the same time these policies were put in place the corn prices began to rise.

Figure 1.3

Land-Use Changes in Tunica County, MS 2009 & 2013

Source: Cropscape Cropland Data Layer (CDL)USDA-NASS
Another problem that results from land-use and land cover changes created from biofuel
demand is the proportion change for crops in each county. The term monocultural pressure
4

relates to the continuous cultivation of crops (Salaheen et al. 2019). Monocultural pressure is a
term that can be used to describe a proportion or percent change of crops being produced. Given
the mandates created under RFS and RFS2, farmers would need to plant crops such as corn or
soybeans annually to meet this high demand for biofuel. The proportion change of specific crops
in a county can be influenced by the policies like RFS and RFS2 that demand an increase for
crops like corn that are important in the production of the biofuel ethanol.
Figure 1.3 demonstrates Cropland Data Layer (CDL) data for the levels of crop
production during the years 2009 and 2013. From this figure, changes in production of various
crops can be demonstrated In Figure 1.3, the county of Tunica, Mississippi had crop cover
changes from the years to 2009 to 2013. The yellow in the plot demonstrates corn crop cover in
Tunica, MS. In the figure, from 2009 to 2013 Tunica county increased the production of corn
and cotton. The red in the plots represent the production of cotton, while the blue represents the
production of rice. Finally, the green represents the production of soybeans, which from the
figure decreased in production during these two time periods. Figure 1.3 gives a good
representation of how much crop cover change can occur over the period of five years at the
county level.
Land-cover changes can have a direct impact on surrounding ecosystem services and the
ecosystem service that would be affected is water quality. One way that biofuel production
negatively affects water quality is the continuous planting of biofuel crops where crop rotation is
limited. When biofuel crops are grown year after year this is where monocultural pressure can be
created resulting in a negative impact on water quality. The continuous cultivation of these crops
creates high levels of fertilizer being spread throughout the soil. Rain run-offs can carry the large
amounts of fertilizer into surrounding water sources decreasing the water quality. Since there is
5

continuous production of the biofuel crops, this does not allow surrounding water levels to get
back to normal because the pollution from fertilizer continues to compound. Before the
increasing levels of fertilizer were found in the water, the levels of minerals like phosphorus and
nitrogen were lower. When farmers grow specific crops, they try account for the different levels
of fertilizer being placed over the crops. Even when the farmer does not implement any crop
rotation strategies, the farmer will adjust the fertilizer usage. However, since demand for biofuel
production has been increasing many farms and the surrounding farms will be producing the
crops used in biofuel production. When this occurs, water quality can be impacted when high
levels of fertilizer from many different farms are carried into nearby water sources. If fertilizer
usage continues or increases on certain agricultural plots, the levels of these minerals entering
the surrounding water sources will only increase. Land-cover changes, as mentioned above,
especially can have an impact on the water quality in areas where farmers are trying to meet the
increasing demand for biofuel production.
A main part of this study is to evaluate how changes in water quality impact individuals’
well-being. To achieve this, I will need to estimate individual’s willingness to pay for a change
in water quality. In the work conducted by Johnston et al. (2017), they examined work conducted
from previous studies to estimate individuals’ willingness to pay (WTP) for water quality
improvements. Johnston et al. (2017) used the combination of estimates taken from similar
studies about an ecosystem good or service (Bergstrom et al. 2006). For this study, instead of
using the Johnston et al. (2017) estimates found in their work, the focus for our research involves
inland fresh water where Johnston focused on coastal waters.
The impact that bioenergy crop production could possibly have on ecosystem services is
important for the future. The RFS and RFS2 mandates end in 2022, so it is important to monitor
6

the decisions policy makers create for future biofuel policies. In this research, five potential
policy scenarios are being considered after the year 2022. With land-use change occurring from
RFS and RFS2, understanding the land-use changes that could be created from the potential
policy scenarios will be vital for ecosystem services like water quality. For this study, simulated
land-use changes will be examined for five potential policy scenarios from the years 2018 to
2045. From these five scenarios, two will be potential policy scenarios and the other three are
projected demand levels for sustainable aviation fuel. From the simulated land-use changes
created from each scenario, the impact the simulated land-use changes have on water quality will
be examined. From here, I will use the predicted water quality changes from the simulated landuse changes to examine individuals’ predicted willingness to pay for improvements in water
quality considering the five potential policy scenarios. The goal of this research is to address the
following research question: Given the uncertainty about potential bioenergy policy scenarios,
what is the potential impact water quality changes resulting from bioenergy crop production have
on people?
The outline and structure of this proposal will go as follows: I will begin by discussing
previous literature that is relevant to my research and touch on some of the methods that will be
used. The five potential policy scenarios will then be discussed in greater detail following the
literature review section. Next, I will discuss the conceptual framework that is comprised of the
water quality model and the benefit transfer model that will be used in this paper. The data that is
used to build up each model will be discussed following each model. Once the equations are
created from each model, they will be then used to estimate the predicted values considering the
five policy scenarios. The results section of the research will follow the methodology sections
before creating the conclusion section discussing what was found from this process. Within the
7

conclusion section of this paper some implications and limitations will be discussed further
regarding this research.
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CHAPTER II
LITERATURE REVIEW
The research that surrounds bioenergy crop productions’ impact on water quality and the
effect it has on the consumer’s willingness to pay for clean water is important for the potential
policies created for bioenergy crop production. There are many articles that focus on
environmental issues that affect the value of land and other articles that look at the
environmental effects on water quality. Other articles will have the same techniques that I will
need when gathering the data. For this section there will be many subjects covering bioenergy
crop production and how they relate to the work conducted in this research. The literature in this
section will also help build up the two models for my research. The three main categories in this
section will include bioenergy crop productions’ impact on agriculture production, bioenergy
crop productions’ impact on water quality, and then the willingness to pay for changes in water
quality.
2.1

Bioenergy Crop Policy’s Impact on Agriculture
Bioenergy crop production can have a major impact on land-use change. As mentioned

above, the production of other crops can be impacted due to the monocultural pressure created
from biofuel production. Miyake et al. (2012) found that land-use change created from biofuel
production can affect the surrounding environment. The RFS mandate called for a high demand
for crops such as corn and soybeans. Not only were crop production landscapes changed, but
other landscapes including forests, grasslands, and savannahs were changed (Miyake et al. 2012).
9

Since the RFS estimated 22 million acres of cropland for biofuel production, other crops would
be affected (U.S. Congress 2005). This mandate pushing for more crop cover changes will lead
to changes in production purposes. In the United States, there are regions that produce specific
crops based on the climate and soil types of that region. The RFS demand would replace
production of traditional crops for food purposes with the production of bioenergy crops for
biofuel. This is one of the biggest impacts bioenergy crop production has on land-use in terms of
agriculture production.
2.2

Bioenergy Crop Production’s Impact on Ecosystem Services
The introduction of policies such as RFS and RFS2 not only impacted agriculture

production but affected the surrounding environment. When these policies were enacted, major
ecosystem services were affected (Chen et al. 2021). Water quality was directly affected by the
demand for biofuel production created by RFS and RFS2 (Chen et al. 2021). The impact
bioenergy crop production has on ecosystem services like water quality creates the first model in
this research. The work conducted by both Kumar et al. (2020) and Wu et al. (2018) focused on
what impacts monocultural pressure from bioenergy crop production will have on water quality.
Both articles examined samples from water run-off that carried minerals from crops and soil into
nearby lakes and streams (Kumar et al., 2020; Wu et al. 2018). Like both articles, my research
will look at the impact monocultural pressure has on water quality.
Shaleen et al. (2019) found that the constant production of biofuel crops was a direct
result from the increase in bioenergy crop production which was mandated through RFS in 2005
(Shaleen et al. 2019). This type of crop production calls for an increase in production of crops
like corn and soybeans where crop diversity will decrease. Production for crops such as corn and
soybeans call for higher rates of fertilizer for each crop. Runoff can then carry the fertilizer into
10

water ways that can decrease the quality of water. Since production levels remain high the
surrounding water sources are unable to heal with the constant level of fertilizer pollution being
created (Shaleen et al 2019).
The biofuel policies that increased demand for bioenergy crop production called for
different crops to be used for biofuel production. Love et al. (2011) examined how the largescale biofuel crop expansion created from biofuel policies impacted water quality (Love et al.
2011). From this study there were four different watersheds located in Michigan. They found that
traditional row crops were more suitable for small-scale biofuel production. Love et al. (2011)
found that the traditional row crops had the highest increase in sediments, nitrogen, and
phosphorus. For these traditional row crops to be used for biofuel production on the large-scale,
there must be conservative agricultural practices to ensure the water quality is not impacted from
the production of these crops (Love et al. 2011).
One study that examined a particular crop used in biofuel production and the impact it
had on ecosystem services was Secchi et al. (2011). Secchi et al. (2011) examined the increasing
production of corn in the Upper Mississippi River Basin from biofuel policy. In this research the
study area examined is the Mississippi River Basin. The Upper Mississippi River Basin used in
the Secchi et al. (2011) study is one of the six subregions that make up the Mississippi River
Basin. From this study, the increasing production of corn created high levels of fertilizer usage.
They found that the production of corn impacted water quality. From their results the areas that
increased the production of corn showed higher levels of nitrogen and total phosphorus in nearby
water sources (Secchi et al. 2011).
Ferin et al. (2021) examined the land-use changes created from biofuel policy’s, in
particular the Renewable Fuel Standard, impact on water quality in the Mississippi River Basin
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(Ferin et al. 2021). They examined the potential impact future bioenergy policies may have on
water quality by examining the land-use changes the future policies could create. They found
that the most important factor for how the land-use changes impact on water quality could be
changed was dependent on the type of land displaced by perennial grasses (Fernin et al. 2021).
Both studies Ge et al. (2013) and Walsh et al. (2012), help construct an essential tool that
will be used for one of the models in my research. Ge et al. (2013) evaluates the conversion
between water quality indicators. Ge et al. (2013) created an equation that allows the conversion
of water quality measurements to the water quality index (Ge et al. 2013). The water quality
index measurement is the common unit that will be used for the model in my research. The
equation in Ge et al. (2013) will be important for measuring changes in water quality that are
created from the land-use changes. Also, in the study by Walsh et al. (2012), they use a common
water quality indicator and transform the values into common water quality units. Walsh et al.
(2012) use the water quality indicator values together to find an overall water quality index value
(Walsh et al. 2012). From here the change in water quality created from the land cover changes
can be evaluated in a common water quality measurement.
2.3

Willingness To Pay for Improvements in Water Quality
The final model in this research will examine individuals’ willingness to pay for

improvements in water quality. Some of the studies in this section use the benefit transfer
approach transferring estimates from previous studies to use for their research. The benefit
transfer approach is an alternative method for obtaining estimates needed for a study. This
method allows for the transfer of estimates from studies previously conducted (Plummer et al.
2009). For my research, to find individual’s willingness to pay for improvements in water
quality, willingness to pay estimates from previous studies will be examined like Johnston et al.
12

(2017). The worked conducted by Johnston et al. (2017) uses meta-analysis models in benefit
transfer to estimate the willingness to pay for water quality improvements. The use of benefit
transfer will allow the combination of multiple studies to find the value for water quality change.
Their model used the benefit transfer approach to find values for water quality improvements in
different U.S. watersheds (Johnston et al. 2017). Like Johnston et al. (2017), studies that examine
individuals’ willingness-to-pay for water improvements will be used in my model. My research
will estimate the value of what the willingness to pay change is. In other words, the value people
place on having a better water quality or the value people would place on avoiding water quality
that potentially could be harmful.
Moeltner et al. (2019) also uses the benefit transfer approach to find predicted values for
marginal changes over space and time (Moeltner et al. 2019). For my study, the willingness to
pay estimates across various studies will be used to estimate the predicted willingness to pay for
changes in water quality for the five potential biofuel policy scenarios that have been suggested
for implementation after RFS2 ends in 2022. Van Houtven et al. (2007) is another study that
evaluates the value of water quality improvements using a meta-analysis. In their meta-analysis
they obtained 131 estimates across 18 different studies (Van Houtven et al. 2007).
The study conducted by Ge et al. (2013) measured the value of water quality using a
meta-analysis. From this paper, the meta-analysis used was comprised of various studies that had
different methodology for each of the previous literature. The methodologies across the previous
literatures ranged from contingent valuation (cv), travel cost (tc), and hedonic pricing (Ge et al.
2013). The meta-analysis that will be constructed for this study also measured the value of water
quality improvements. The study conducted by Ge et al. (2013), is another study needed for
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building the model in my research that will estimate individuals’ willingness to pay for
improvements in water quality using the benefit transfer approach.
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CHAPTER III
BIOFUEL POLICY SCENARIOS
For this research, I will examine five different potential policy scenarios. In this research,
the water quality model and the simulated land-use and land cover changes will be used to
predict the change in water quality from these potential scenarios. These scenarios have similar
mandates to RFS and RFS2 and must be evaluated considering the current policies end in 2022.
The simulated land cover changes will be derived from POLYSYS gathered from another project
team to help predict water quality for each of the five scenarios through the years 2019 to 2045.
POLYSYS is a partial equilibrium model used for agricultural production. The base year for the
five scenarios will begin in 2018. The five scenarios include the baseline, rfs002, low jet fuel
demand, medium jet fuel demand, and high jet fuel demand. The first two future scenarios are
two potential policy scenarios, and the other three scenarios are three jet fuel demand level
airline projections from the Sustainable Aviation Fuel. Each scenario will have a different effect
on land-use changes and an overall impact on water quality.
The five scenarios for this research were constructed by another research team working in
coordination with this study. Dr. Edward Yu and Dr. Chad Hellwinckel were part of the other
research team that worked on the future scenarios. Each scenario is comprised of 28 specific land
cover including crops, pasture, and developed land that are each assigned a land-use number
shown in table 3.6 discussed later in Chapter 4. In table 3.1, a brief description is given for each
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of the five scenarios including the baseline scenario, rfs002 scenario, low jet fuel demand
scenario, medium jet fuel demand scenario, and the high jet fuel demand scenario.

Table 3.1

Biofuel Scenario Description

Scenario

Description

Baseline

Assumes RFS mandate is continued beyond 2022

Rfs002

Assumes Renewable Fuel Standard is eliminated.

Low Jet Fuel Demand (jet001)

4% of total jet fuel demand

Medium Jet Fuel Demand (jet002)

13% of total jet fuel demand

High Jet Fuel Demand (jet003)

25% of total jet fuel demand

Source: USDA Economic Research Services
Notes: POLYSYS used by other project team members

The first scenario given will be the baseline scenario. For the baseline there are a few
assumptions derived from the USDA Economic Research Services. Some of the assumptions for
the baseline are a 10% level of ethanol in all transportation fuels, no significant increase in the
production of fuel containing 15% ethanol, an increase of exports of ethanol to decline in
domestic use, no major 2nd generation biofuels, and that this mandate extends through 2045. The
baselines scenario also assumes the RFS mandate of ethanol is achieved. The second scenario
will assume the termination of the current RFS mandate in 2022 and uses the USDA Economic
Research Service projections through the year 2029 and linearly projected through the year 2045.
The rfs002 scenario simulates the elimination of the Renewable Fuel Standard where ethanol is
still produced, but the production levels drop about 80% from the current production levels. The
16

third scenario is a low demand level for jet fuel at 4%. The fourth scenario includes a medium
demand level for jet fuel at 13%. The final scenario includes a high demand level for jet fuel at
25%. The low, medium, and high demands for biojet fuel are found by dividing the projected
global biojet fuel demand by the global total jet fuel demand. The United States biojet fuel
demand percentages are assumed to be the same for the global biojet fuel demand. The biojet
fuel scenarios use the same assumptions as the baseline scenario regarding RFS where ethanol
production remains the same at 15 billion gallons throughout the simulation period of 2045.
3.1

Land-Use Changes from Potential Policy Scenarios
If these scenarios are to be enacted, it is important to understand what kind of impact

these scenarios can have on an individuals’ well-being. Depending on the scenario there will be
land-use changes created from each scenario. The land-use changes can vary across each
scenario depending on what assumptions each mandate creates. The five scenarios are projected
from the years 2018 to 2045. Each scenario is comprised of simulated land-use changes that
come from the POLYSYS.
The baseline scenario called for the same level of ethanol production that RFS and RFS
demanded. This scenario also called for an increase in exports for ethanol-based biofuel. Due to
the assumptions from the baseline scenario, production of crops used in ethanol would increase.
This demand would increase production of crops such as corn. To show the land-use changes
created from each scenario, the proportion land cover for various crop mixtures is shown in the
tables below. These tables show the proportion of land cover for different crop mixtures over the
years 2018 to 2045.
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Table 3.2

Proportion (%) of corncrop land-use for each Scenario from 2018-2045

Scenario

Mean

Std. Deviation

Minimum Median Maximum

Baseline

10.914

13.380

0

4.000

57.938

Rfs002

9.528

12.623

0

2.682

57.604

Low Jet Fuel (Jet001)

10.966

13.612

0

4.009

60.810

Medium Jet Fuel (Jet002)

11.008

13.719

0

3.946

60.810

High Jet Fuel (Jet003)

11.055

13.907

0

3.830

60.814

Note: Corncrop represents corn.
Table 3.3

Proportion (%) of field2 land-use for each Scenario from 2018-2045

Scenario

Mean

Std. Deviation

Minimum

Median

Maximum

Baseline

14.716

14.641

0

10.015

79.362

Rfs002

15.606

15.594

0

10.639

79.362

Low Jet Fuel (Jet001)

14.663

14.595

0

9.955

79.362

Medium Jet Fuel (Jet002)

14.557

14.527

0

9.862

79.362

High Jet Fuel (Jet003)

14.312

14.360

0

9.624

79.362

Note: Field2 is the combination of wheat, rice, cotton, and soybeans.
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Table 3.4

Proportion (%) of nonfieldcrop land-use for each Scenario from 2018-2045

Scenario

Mean

Std. Deviation

Minimum

Median

Maximum

Baseline

8.907

7.514

0.003

6.917

57.016

Rfs002

9.403

7.888

0.003

7.286

57.016

Low Jet Fuel (Jet001)

8.908

7.515

0.003

6.918

57.016

Medium Jet Fuel (Jet002)

9.111

7.574

0.003

7.095

57.016

High Jet Fuel (Jet003)

10.159

8.400

0.003

7.891

57.016

Note: Nonfieldcrop represents 100 minus (corncrop + field2 + pasture + others)
Table 3.5

Proportion (%) of pasture land-use for each Scenario from 2018-2045

Scenario

Mean

Std. Deviation

Minimum

Median

Maximum

Baseline

19.448

18.824

0

12.773

95.458

Rfs002

19.448

18.284

0

12.773

95.458

Low Jet Fuel (Jet001)

19.448

18.824

0

12.773

95.458

Medium Jet Fuel (Jet002)

19.309

18.223

0

12.688

95.458

High Jet Fuel (Jet003)

18.458

17.845

0

11.815

95.458

Note: Pasture is the combination of pasture and intense pasture land.
In table 23., the baseline scenario shows that the average proportion of corn being
produced for each county is 14.71%. The average production of corn being produced for each
county varies for each scenario. The largest proportion of corn being produced for each county is
derived from the high jet fuel demand scenario. For the three projected demand levels for
aviation fuel calling for low, medium, and high jet fuel demand, table 3.2 reveals the proportion
of corn being produced for each county increases as the percent of jet fuel demand increases. The
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lowest values come from the rfs002 scenario. This scenario called for the elimination of RFS2
causing the demand for biofuel production to decrease. In table 3.3, the proportion cotton, rice,
wheat, and soybeans (field2) being produced for each county is shown for each scenario. The
baseline and rfs002 scenario that involve more demand for ethanol show little land-use changes
in crops. In table 3.4, the proportion of nonfieldcrop (100 – (corncrop + field2 + pasture
+others)) is shown for each biofuel scenario. The mean proportion of nonfieldcrop across each
scenario is similar varying from 8.9 to 10.1 percent. The high jet fuel demand for aviation fuel
had an average 10.1% of land cover for each county. Finally, in table 3.5 the proportion of
pasture and intense pasture (pasture) land in each county in the Mississippi River Basin for each
scenario is given. From table 3.5, the average proportion of land cover for pasture for each
county varied from 18.4 to 19.4 percent.
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Table 3.6

Ten Year Interval of the Mean Land-use Changes for Each Biofuel Scenario

Year

Scenario

corncrop

field2

nonfieldcrop

pasture

2025

Baseline

11.193

14.586

8.900

19.448

Rfs002

9.645

15.644

9.391

19.448

Low Jet Fuel (Jet001)

11.234

14.546

8.900

19.448

Medium Jet Fuel (Jet002)

11.234

14.546

8.900

19.448

High Jet Fuel (Jet003)

11.234

14.546

8.900

19.448

Baseline

10.867

14.698

8.907

19.448

Rfs002

9.420

15.611

9.440

19.448

Low Jet Fuel (Jet001)

10.867

14.698

8.907

19.448

Medium Jet Fuel (Jet002)

10.909

14.584

9.062

19.363

High Jet Fuel (Jet003)

10.958

14.332

10.423

18.206

Baseline

10.530

15.001

8.916

19.448

Rfs002

9.344

15.534

9.568

19.448

Low Jet Fuel (Jet001)

10.622

14.910

8.920

19.448

Medium Jet Fuel (Jet002)

10.783

14.465

9.954

18.862

High Jet Fuel (Jet003)

10.844

13.542

13.047

16.460

2035

2045

Note: Corncrop (corn), field2 (wheat, rice, cotton, and soybeans), nonfieldcrop (100–(corncrop +
field2 + pasture + others), pasture (pasture and intense pasture)
In table 3.6, the average proportion of land-use for various crop mixtures for each biofuel
scenario is shown for a few selected years. Table 3.6 shows the different land-use for each crop
for the years 2025, 2035, and 2045. From table 3.6, we can see how the proportion of land-use
for each scenario varies. For example, the average proportion of land-use of cotton, rice, wheat,
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and soybeans (field2) for the baseline scenario increases from 2025, 2035, and 2045. For corn
(corncrop) the proportion of land-use change most of the time decreases from the years 2025 to
2045. Starting in 2035 until 2045, the proportion of field2 land-use for the three biofuel aviation
demand scenarios decrease.
3.2

Potential Biofuel Policy Scenario’s Impact on Water Quality
Each potential policy scenario will create different levels of land-use change that will

result in a different effect on water quality. The first step to find how each scenario impacts
water quality is to examine the land cover changes created from each policy examined in section
3.1. Water quality for each scenario will be examined using a model that will be discussed later
in the methodology section where water quality will be a function of land cover changes. The
data sets containing the land cover changes created from each scenario will be used with water
quality data to examine the changes in water quality. The land cover changes examined will be
inside the Mississippi River Basin from the years 2018 to 2045. The predicted water quality
index values will be a function of land-use and land-cover characteristics gathered from
POLYSYS which will discussed in greater detail in the methodology section.
3.3

Welfare Changes from Potential Policy Scenarios
The final step for this research is estimating individuals’ willingness to pay for

improvements in water quality considering the implementation of biofuel scenarios for the
future. To measure the impact potential policy scenarios, have on water quality, the individuals’
willingness to pay for changes in water quality must be evaluated. The predicted willingness to
pay values will be found using my estimated model and the predicted water quality changes
created from each scenario. Once the predicted willingness to pay values are found, the
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difference of willingness to pay across each scenario can be evaluated and the final estimates
will hopefully aid in the decision making in choosing a scenario for the future.
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CHAPTER IV
METHODOLOGY
In this study, there are two main models that will create the conceptual framework for
this research. Figure 4.1 below shows the flow of research for this study describing the process
of each model and the values each model is trying to estimate for this study. This study examines
how biofuel policy driven land-use changes impact water quality. The first model will use
simulated land-use and land-cover characteristics through POLYSYS gathered from the other
project team to help predict water quality for each of the five scenarios discussed in the previous
chapter through the years 2019 to 2045. POLYSYS is a partial equilibrium model used for
agricultural production. After the predicted water quality changes are estimated from the
simulated land-use changes, the predicted willingness to pay values for predicted water quality
changes will be evaluated across each scenario.
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Figure 4.1

Flow of Research
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The first step to find these predicted water quality changes for each potential policy
scenario is to examine water quality as a function land-use changes using historical data. Next, I
will examine the impact each scenario has on ecosystem services by estimating predicted water
quality changes using my estimated model and the predicted land-use changes that are output
from the POLYSYS simulation. I will be measuring water quality on a 100-point scale on the
water quality index. The water quality measurements will be taken at the county level inside the
Mississippi River Basin in the United States using historical data.
The main piece of this study is evaluating the impact the changes in water quality from
bioenergy crop production has on people. For the five potential policy scenarios, I will estimate
the value of the predicted water quality changes between 2018 and other years through 2045. To
do this, individuals’ willingness to pay for changes in water quality must be evaluated. As shown
in figure 4.1, the process for obtaining willingness to pay estimates for changes in water quality
will be a meta-analysis. This process will create the second model for this research which is the
benefit transfer model The meta-regression process will be used to estimate the parameters for
the benefit transfer model. The benefit transfer approach is the process of using willingness to
pay estimates from previous studies as the basis for estimating willingness to pay. So, for this
study I will use the estimated willingness to pay function from the benefit transfer model to
calculate the value of water quality changes that occur for each county under each of the five
potential policy scenarios in the Mississippi River Basin. Figure 4.1 shows the flow of research
for this study describing the process of each model and estimates each model is trying to obtain
for this study.
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CHAPTER V
WATER QUALITY MODEL
5.1

Water Quality Model Description
As mentioned above, policies demanding an increase in biofuel production can have

impact on ecosystem services such as water quality. The model that will be used to predict water
quality will be the water quality model. In this model, water quality will be a function of landuse and land-cover characteristics. The structure of this equation (5.1) for measuring water
quality as a function of various land-use change variables that will impact water quality is
derived from the study conducted by Kumar et al. (2020). From the study conducted by Kumar et
al. (2020), water quality is measured by examining the impact bioenergy crops’ impact on water
quality (Kumar et al. 2020)
Our primary study area is the Mississippi River Basin. For the water quality model, the
counties inside the Mississippi River Basin will be analyzed. In the Water Quality Model Data
(5.2) section below, the study area and the counties being examined will be explained in greater
detail. The land-use and land-cover characteristics in this model are comprised of various crop
mixtures including grain crops, energy crops, forage crops, and other crops. This model will also
include the different subregions inside the Mississippi River Basin. The first step for this model
will be to use used the data to estimate the parameters of the function. The next step will be to
use the estimated function and the land cover values from POLYSYS to estimate water quality
from 2018 to 2045. In this study water quality will be estimated using a fixed effects model to
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examine panel data for the water quality model. For this model the regression function will be
given where the bold portion indicates a vector and the variables that are grouped: land cover
variables and HUC designation.

𝑊𝑄𝑖𝑡 = 𝑳𝒊𝒕 𝜶𝟏 + 𝑯𝒊 𝜶𝟐 + 𝑒𝑟𝑟𝑜𝑟𝑖𝑡

(5.1)

The category for land-use variables L in equation (5.1) are comprised of five different
land-use independent variables: the percentage of the county land area used for growing corn
(corncrop); the percentage of the county land area used for growing cotton, wheat, rice, and
soybeans (field2); the percentage of the county land area used for growing pasture and intense
pasture (pasture); the percentage of county land area comprised of ideland, developed or barren
land (others); and finally the percentage of the county land area that is used to grow crops other
than corn, cotton, wheat, rice, soybeans, pasture, intense pasture, ideland, developed or barren
land (nonfieldcrop). The category for the subregions in the Mississippi River Basin represents
the H in equation (5.1). In equation (5.1) 𝜶𝟏 and 𝜶𝟐 represent the estimated coefficients for the
regression in the water quality model along with the error term.
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Table 5.1

Land-Use Code Names

LUC Name
Corn
Sorghum
Oats
Barley
Wheat
Soybeans
Cotton
Rice
Switchgrass
Poplars
Willows
Hay
Algae
Management incentive grazing
Energy sorghum
Miscanthus
Energy cane
Canola/ other oilseed cover crop
No class
Ideland
Pasture
Intense pasture
Veggies/fruit
Other agriculture
Forest
Water/wetland/aquaculture
Developed
Barren/undefined nonag/ others
Source: POLYSYS

LUC Number
Luc1
Luc2
Luc3
Luc4
Luc5
Luc6
Luc7
Luc8
Luc9
Luc10
Luc11
Luc12
Luc13
Luc14
Luc15
Luc16
Luc17
Luc18
Luc19
Luc20
Luc21
Luc22
Luc23
Luc24
Luc25
Luc26
Luc27
Luc28
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Table 5.2

Water Quality Index Model Variable Description

Variables

Description

wqi (points)

Water Quality Index on the 100-pt scale (dependent variable)

corncrop (%)

Percentage of county land area in corn

field2 (%)

Percentage of county land area in wheat, cotton, rice, and soybean

nonfieldcrop (%)

100 – (corncrop + field2 + pasture + others)

pasture (%)

Percentage of county land area in pasture and intense pasture

others (%)

Percentage of county land area in ideland, developed, or barren land

HUC2ch

The hydrological unit-code for each of 6 subregions in the MSRB

Note: Acreage Percentages derived from CDL data under the USDA-NASS & water quality
derived from STORET under USGS
Table 5.1 shows the different land cover crops used in POLYSYS, which can be spatially
mapped using the Cropland Data Layer from USDA-NASS. Table 5.2 shows the specific
variables that will be used in equation (5.1) and shows how the land cover crops from table 5.1
are combined into the explanatory variables that will be used in the water quality model.
5.2

Choosing Water Quality Measurements
During this research an important part of the water quality model was deciding how to

measure a change in water quality. Many previous studies have changes in water quality
measured through Secchi-depth, water quality ladders, and water quality indices. Each of these
water quality measurements help describe the water clarity as well as the general water quality of
a water source. Secchi-depth is a water quality measurement that identifies the depth in meters in
which someone can see down in a water source. The water quality ladder is a tool in which water
quality is measured on a 10-pt scale with points corresponding to specific recreational activities
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that are safe at the corresponding water quality index level: swimmable, fishable, or boatable.
The water quality index is another scale that measures water quality on a 100-point scale. When
it came to measuring changes in water quality for this study the measurement for changes in
water quality chosen was the 100-point scale Water Quality Index (WQI).
The 100-point water quality index was chosen due to studies conducted by Walsh et al.
(2012) and Ge et al. (2013). Both studies were able to use estimates that measured changes in
water quality with Secchi-depth or water quality ladders by converting those values to the 100point scale water quality index. Walsh et al. (2012) discuss the importance of the water quality
index aggregation. From both studies the decision made to use the water quality index was the
ability to convert values from other water quality measurements and the ability to use water
quality attributes to create the water quality index (Walsh et al. 2012 & Ge et al. 2013). Here
water quality index can combine water quality information from multiple water quality
parameters into a single value on the water quality index scale (Walsh et al. 2012). In the Walsh
et al. (2012) study, using the water quality index is good for examining the value found in
reducing pollutants such as BOD (biochemical oxygen demand), TSS (total suspended solids),
DO (dissolved oxygen), and fecal coliform. Historical measures of pollutants like these are used
to calculate a water quality index value for each county in the Mississippi River Basin, for
purposes of estimating the parameters of the water quality model. Walsh et al. (2012) created
steps for building the water quality index. The first step discussed begins with selecting quality
characteristics and obtaining water quality measurements. The next step involved establishing a
rating scale for each characteristic and transform observations into subindex values. The final
step was selecting a weighting method and aggregate individual subindex values into index
numbers on the scale (Walsh et al. 2012).
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In Ge et al. (2013), the water quality index is constructed by using water quality attributes
taken from the National Sanitation Foundation. These water quality attributes include physical,
chemical, and microbiological water quality characteristics. The water quality attributes used in
this study are fecal coliform, pH, total phosphate, nitrates, turbidity, and total solids. These four
water quality attributes were chosen for this study because all the counties inside the Mississippi
River Basin contained these 4 water quality attributes. Given the restricted set of water quality
measures, I use the process outlined by Ge et al. (2013) to reweight each measure for purposes of
calculating a water quality index value. The water quality attributes are given weights depending
on their importance.
Table 5.3

Water Quality Parameters and Weights

Parameter

Weights

Fecal coliform

0.16

Turbidity

0.08

Total suspended solids

0.07

Nitrates

0.10

Total phosphate

0.10

Temperature change

0.10

Dissolved oxygen

0.17

Biochemical oxygen demand

0.11

pH

0.11

Total

1.00

Source: National Sanitation Foundation (NSF) in Ge et al. (2013)
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wi' =

wi

(5.2)

M

∑ wi

i=1

𝑀

𝑤𝑖′

𝑊𝑄𝐼 = ∏ 𝑞𝑖

(5.3)

𝑖=1

Table 5.3 reveals the water quality parameters and their assigned weights (𝑤𝑖 ) from the
National Sanitation Foundation, as reported in Ge et al. (2013). When fewer than the full set of
water quality parameters are available, equation (5.2) is used to adjust the weights for the water
quality parameters that are available. The water quality index values themselves (for a given
county) are calculated using formula (5.3). In this equation (5.3) q represents the quantile value
of the parameter i, 𝑤𝑖′ represents the adjusted weights of the water quality parameter i, and M
represents the number of water quality parameters being used. The quantile value of each
parameter represents the points in a distribution of that parameter across all measuring sites for a
particular point in time within the Mississippi River Basin that relate to the rank order of water
quality weights in that distribution.
In our historical data of water quality within the Mississippi River Basin, the set of water
quality parameters measured varies. I therefore consider three different ways to measure the
water quality index values, each depending on the set of parameters used in its calculation. The
first water quality index was assigned water quality attributes that included fecal coliform and
turbidity. The second water quality index was assigned water quality attributes that included
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fecal coliform and total suspended solids. The third water quality index was assigned water
quality attributes that included fecal coliform, pH, turbidity, and total suspended solids.
5.3

Water Quality Model Data
To estimate the parameters of the water quality model, I use historical data from the years

2008 to 2018 across the Mississippi River Basin in the United States.

Figure 5.1

Subregions in the Mississippi River Basin

Figure 5.1 shows the six different subregions that make up the Mississippi River Basin,
each having a corresponding HUC code: HUC2ch5 for the Ohio Region, HUC2ch6 for the
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Tennessee Region, HUC2ch7 for the Upper Mississippi Region, HUC2ch8 for the Lower
Mississippi Region, HUC2ch10 for the Missouri Region, and HUC2ch11 for the ArkansasWhite-Red Region. The water quality index and land-use values gathered for the water quality
model will be observed at the county level for counties inside the Mississippi River Basin and
the HUC codes are included as explanatory variables in the water quality model to account for
sub-region fixed effects.
Table 5.4

Water Quality Data Type

Type

Variables

Water quality

wqi

Land-Use
Predicted Land-Use

5.3.2

Source

Year

WQP, USGS, STORET,

2008-2018

NWIS

corncrop, field2,

USDA-NASS

nonfieldcrop, pasture, others

(CDL)

Predicted
Crop acreage (ac)

POLYSYS

2008-2018
2018-2045

Water Quality Data
The water quality model is comprised of many different water quality data sources. Data

on the individual water quality parameters used in the calculation of the water quality index
values comes from the United States Geographical Survey (USGS) directly and Water Quality
Portal (WQP) that includes water quality data from the Environmental Protection Agency (EPA),
United States Department of Agriculture (USDA), and USGS. The USGS data is constructed
from a service known as the National Water Information System (NWIS). Data from all these
sources can be extracted from the USGS website (help.waterdata.usgs.gov). Table 5.4 shows the
sources of each type of data included in the water quality model.
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The USGS organizes hydrological data in a standard structure. The hydrological data is
gathered from stream gauges that are placed throughout the United States. Each stream gage is
assigned a unique ID also known as site number. The ID numbers are either 8-digit ID numbers
that represent surface water sites and 15-digit ID numbers that represent groundwater sites. The
site numbers can be obtained from NWIS. When the site number is found the next step is to find
the parameter code. The parameter code is a 5-digit number that represents the measured
parameter (i.e., water quality measure) that is being requested. The site number and parameter
codes can be found at the USGS website (help.waterdata.usgs.gov/ codes-and-parameters). The
actual data is requested by using the site numbers and parameter codes. The site information
gives the precise location, preferably inside the MSRB, of the sample of USGS water quality
data. The site information also gives the full station name, latitude, longitude, and drainage area.
The site information can be found through the USGS website
(http://waterservices.usgs.gov/rest/Site-Test-Tool.html).
The Water Quality Portal (WQP) just like the NWIS allows different avenues for
searching water quality sites. The WQP is used to obtain water quality data sets that are placed in
the STORET (U.S. EPA Storage and Retrieval) database. When the data is taken from the
USGS, the water quality data website (http://www.waterqualitydata.us/public-srsnames.jsp)
must be used to obtain parameter codes from the USGS. To discover these water quality sites
through the WQP the website from the USGS must be used. Once the sites are obtained, the way
to find the data from the WQP is to use the Web service.
Once the water quality data is obtained through NWIS, USGS, and the WQP, the three
different water quality index measures are calculated. The set of water quality parameters used in
the calculation of the water quality index determines the counites included in the estimated of the
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water quality model parameters, because a county can be included only if the water quality
parameters are available for the index measure used in the regression. Table 5.4 shows the years
of historical data available for the variables in the water quality model (2008-2018) and describes
the three different ways of calculating the water quality index.
5.3.3

Land-Use Data
Cropland Data Layer (CDL) can be extracted to evaluate the crop acreage for the specific

crop choice used for bioenergy crop production. The Cropland Data Layer is derived from the
USDA-NASS and is hosted on the CropScape, providing a geo-referenced, crop-specific land
cover map of the United States (USDA 2008). In equation (5.1), the land-use change values are
obtained through the USDA-NASS database.
Table 5.5

Water Quality Data Description

Data Type

# Data Sets

Description

Years

Land Use & Crop Mix

6

CDL crop and land use data in the MSRB 2008-2018

Water Quality Index

3

WQI Data Set 1 (weights of fecal

(100-pt scale)

2008-2018

coliform & turbidity)
WQI Data Set 2 (weights of fecal

2008-2018

coliform & total suspended solids)
WQI Data Set 3 (weights of fecal
coliform, turbidity, total suspended
solids, & pH)
Source: USGS, USDA-NASS, and POLYSYS
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2008-2018

Once the historical land-use data is obtained through the USDA-NASS database, I use the
historical data on land cover and water quality, along with the corresponding HUC codes for
each county to estimate the parameters of the water quality model. In table 5.5 shown above, the
land-use changes from the historical data are shown as well as the years from which the data is
obtained. Table 5.5 reveals the different land use and crop mixture and the variables that will be
used in the water quality model.

Table 5.6

Water Quality Index 1 Model Summary Statistics

Variables

Mean

Std. Deviation

Minimum

Median

Maximum

wqi (points)

31.379

18.770

0.523

27.418

98.080

corncrop (%)

5.468

11.449

0.000

0.220

55.880

field2 (%)

9.224

13.289

0.000

1.359

53.678

nonfieldcrop (%)

4.881

5.860

0.000

2.440

34.424

pasture (%)

10.793

9.110

0.002

9.206

59.770

others (%)

9.933

7.710

2.061

7.212

47.911

HUC2ch

7.670

1.830

5.000

8.000

11.000

Number of Obs.

1067
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Table 5.7

Water Quality Index 2 Model Summary Statistics

Variables

Mean

Std. Deviation

Minimum

Median

Maximum

wqi (points)

29.610

17.000

0.799

25.629

92.567

corncrop (%)

6.231

10.497

0.000

0.993

55.880

field2 (%)

11.436

14.506

0.000

4.434

74.790

nonfieldcrop (%)

6.886

6.280

0.000

5.496

33.017

pasture (%)

16.389

13.140

0.002

13.390

58.781

others (%)

9.610

7.930

2.061

6.802

47.911

HUC2ch

7.670

1.830

5.000

8.000

11.000

Number of Obs.

1369

Table 5.8

Water Quality Index 3 Model Summary Statistics

Variables

Mean

Std. Deviation

Minimum

Median

Maximum

wqi (points)

29.121

14.740

1.067

26.133

84.957

corncrop (%)

6.252

12.233

0.000

0.220

55.880

field2 (%)

10.580

13.739

0.000

2.774

53.678

nonfieldcrop (%)

4.770

5.700

0.000

2.009

33.017

pasture (%)

10.121

8.300

0.003

8.640

50.722

others (%)

10.514

8.110

2.061

7.670

47.911

HUC2ch

7.670

1.830

5.000

8.000

11.000

Number of Obs.

845

In table 5.6, 5.7, and 5.8 the summary statistics for the variables used in the water quality
model are shown over the years 2008 to 2018. In table 5.6, from the first water quality index data
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set the mean water quality index (wqi) value was 31.4. For each county corncrop land-cover was
5.46%, field2 was 11.43%, nonfieldcrop was 4.88%, pasture was 10.8%, and others was 9.9%.
In table 5.7, from the second water quality index data set the mean water quality index value
(wqi) value was 29.6. From this data set, in each county corncrop land-cover was 6.23%, field2
was 11.43%, nonfieldcrop was 6.9%, pasture was 16.4%, and others was 9.6%. Finally, in the
summary statistics from the third water quality index data set, the mean water quality index (wqi)
value was 29.1 for each county. In this data set, for each county the land-cover for corncrop was
6.25%, field2 was 10.58%, nonfieldcrop was 4.8%, pasture was 10.1%, and others was 10.5%. I
then use the estimated model, with the predicted land cover in each county that come from
POLYSYS for each of the five future scenarios to predict water quality for each county for each
year from 2018 to 2045. POLYSYS is based on a partial equilibrium model that will be used.
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CHAPTER VI
BENEFIT TRANSFER MODEL
To estimate the value of changes in water quality projected under each of the five scenarios, I
conduct a meta-regression based on meta-data from existing studies that have estimated the
dollar value of water quality changes. This model will have willingness to pay (i.e., value) to be
a function of water quality and other site, population, and study-related variables from previous
literature. The studies used in the benefit transfer model each measure a change in water quality
whose value is estimated. The studies each use a non-market valuation method to estimate the
value including stated preference survey (which is choice experiment, contingent valuation, etc.),
hedonic pricing method, or travel cost method. Johnston et al. (2017) used similar methods to
construct the equation used for a benefit transfer approach. The benefit transfer model is:
𝑙𝑔𝑣𝑎𝑙𝑢𝑒𝐿𝑖𝑗 = 𝛽0 + 𝑿𝒊𝒋 𝜷𝟏 + 𝑫𝒊𝒋 𝜷𝟐 + 𝑺𝒊𝒋 𝜷𝟑 + 𝑳 𝒊𝒋 𝜷𝟒 + 𝑒𝑟𝑟𝑜𝑟𝑖𝑗

(6.1)

In the benefit transfer model, willingness to pay will be a function of water quality
obtained from the water quality model, study-related variables, site-specific variables, and
variables about the population that are derived from the extensive literature review. In equation
(6.1), X is a vector of water quality variables including the baseline water quality level from the
original study and the change in water quality (improved quality minus worst quality). The D
vector represents variables about the population including median household income. The S
vector represents variables describing the study itself: whether the valuation method used was
hedonic pricing method, whether water quality was originally measured as a Secchi depth,
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whether the estimate value is for marginal willingness to pay (as opposed to willingness to pay
for a discrete change), and a variable describing the year of publication across the studies
(publication year minus minimum publication year). Finally, the L vector of site variables
including whether the study was conducted inside the Mississippi River Basin. In equation (6.1),
the 𝛽 ′ 𝑠 represent the estimated coefficients for each variable, and  represents the error term.
Here willingness to pay will be estimated from the i-th county and j-th year.
Table 6.1

Meta-Analysis Variable Description

Variable

Category

lgvalueL (2020 U.S. $)

Description
Numerical logarithmic willingness-to-pay value of
the value estimate (dependent variable)

wqi0 (points)

Water Quality The baseline of water quality index (100-pt scale)

delwqi (points)

Water Quality Change in water quality index of sample (100-pt)

hedonic

Study

=1 if study used hedonic pricing method

secchi

Study

=1 if study used Secchi-depth to measure water
quality change

mwtp

Study

=1 if study used marginal willingness to pay for the
measure of value

lgincome (2020 U.S. $)
notmsrb

Demographic
Site

Average household income in the sample
=1 if the study was not conducted inside the
Mississippi River Basin

t

Study

(publication year – min publication year)

42

In table 6.1, the variables that will be used in the benefit transfer model equation (6.1) are
presented. The dependent variable will be the willingness to pay in 2020 U.S. dollars. When
estimating the parameters of equation (6.1), regression weights were used on observations.
Following van Houtven et al. (2007), observations of value estimates from the literature that are
based on higher number of individual observations (i.e., a greater sample size) used to estimate
that value, are weighted more heavily than those based on fewer individual observations (i.e.,
smaller sample size). Additionally, to account for likely correlation of value estimates within a
study, standard errors are clustered within each study. Multiple observations of value can arise in
any given study when there are multiple value estimates for different sub-populations in the
study.
6.2

Benefit Transfer Data
For the benefit transfer model, the data were collected through an extensive literature

review. The database used for the economic search was the Econlit database through the
Mississippi State University online journal database. This extensive literature review search
online began on October 1, 2020. When searching for specific literature that measures changes in
water quality, we used the key words “value”, “water quality”, and “lake or reservoir or river or
stream”. This search created 203 results within the Econlit database from the Mississippi State
University library. Articles were then excluded that were not in English, had water in the title but
did not discuss water quality, did not value water quality, or valued something related to water
quality but which as not surface water quality (i.e., water levels, portfolios of drinking water
sources). When all these papers were excluded, the search had been narrowed down to 56 papers
that were then examined extensively. Once the 56 papers had been examined thoroughly, 10
papers were chosen to be used in the benefit transfer model. These 10 studies measured changes
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in water quality while measuring individuals’ willingness to pay for changes in water quality.
These studies were selected for the measurements in which they measured changes in water
quality whether that be the water quality index, water quality ladder, or Secchi-depth.
6.3

Organization of the Meta-Analysis
One important part for the benefit transfer model is organizing the dataset. All the studies

gathered for the benefit transfer model consist of different valuation methods. The valuation
methods from the literature include hedonic pricing, choice experiment, and travel cost. Along
with the different valuation methods, there are differences among the studies with payment
frequency and duration. Depending on the study, the individuals’ willingness to pay for a change
in water quality could be only a one-time payment, or a monthly or annual payment. For this
study, an annual discount rate of 0.06 (6%) was used (Moeltner et al. 2009) to convert all value
measures into lump-sum equivalents. Additionally, all dollar values (both the value estimates
themselves, and median income of the study population) are converted to the same base (2020)
year to account for inflation.
These studies measured water quality using either a 10-point water quality ladder, a 100point water quality index, or Secchi-depth (meters). The water quality measurement chosen for
the benefit transfer model was the 100-point scale water quality index. Water quality for studies
using the 10-point water quality ladder were converted to the 100-point water quality index by
simply multiplying the value by 10 (Walsh et al. 2012), and the formula from Ge et al. (2013)
was used to convert Secchi disk depth to the 100-point index for studies measuring water quality
as Secchi disk depth. The formula for Ge et al. (2013) is below, where WQI represents the 100point water quality index and S represents Secchi-depth in meters.
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𝑊𝑄𝐼 = 78.9 + 𝑆 +

Table 6.2

(6.2)

1.95
0.06 − 𝑆 2

Studies Used in Benefit Transfer

Reference

Method

Site

WQ Indicator

# Est.

Ando et al. 2020

ce

Chicago and/or Portland

WQL

4

Choi et al. 2019

ce

Spring, Mahantango, Conewago

WQI

5

Watersheds PA
Christie et al.

ce

Clear Lake, Iowa

Secchi-depth

3

Egan et al. 2009

travel cost

129 lakes in Iowa

Secchi-depth

6

Gibbs et al. 2002

hedonic

Conway/Milton Market, NH

Secchi-depth

9

2009

Winnepesaukee Market, NH
Derry/Amherst Market, NH
Spofford/Greenfield Mkt, NH
Sunset Lake in
Spofford/Greenfield Mkt, NH
Liu et al. 2019

hedonic

Hoover, Reservoir Ohio

Secchi-depth

22

Michael et al.

hedonic

Lewiston/Auburn Market, ME

Secchi-depth

27

Secchi-depth

39

2000

Augusta/Waterville Market, ME
Northern Market, ME

Moore et al. 2020

hedonic

1 of 113 lakes in U.S. and 1 of
38 lakes in U.S.
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Table 6.2 (Continued)
Reference

Method

Site

WQI Indicator

# Est.

Poor et al.
2001

hedonic

Lewiston Housing Market, ME

Secchi-depth

8

Augusta Housing Market, ME
Bangor Housing Market, ME
Northern ME Housing Market, ME
Yi et al. 2017 travel cost Arbitrary 100-most visited Iowa Lakes
WQL
8
Source: Mississippi State University Library
Notes: Abbreviations: ce (i.e., choice experiment), WQL (i.e., water quality ladder), WQI (i.e.,
water quality index)
Table 6.2 shows a summary of the studies used in the meta-regression including the
number of observations (value estimates) in each study, shown in the last column. In this table
the author and year in which the study was conducted is shown. Along with the author and year,
the methodology from which the study uses is in the table. Table 6.2 also shows the study’s site,
water quality indicator, and the number of estimates taken from the study. For this study there
are 131 estimates across all 10 studies. Unlike previous meta-analyses of values for water quality
changes, this study focuses on studies that had been conducted in the United States, that were
conducted after the year 2000, and which measured water quality using either the 10-point water
quality ladder, the 100-point water quality index, or Secchi disk depth.
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Table 6.3

Summary Statistics for Meta-Regression (N = 131)

Variables

Mean

Std. Deviation Minimum Median

Maximum

lgvalueL (U.S. dollars)

8.137

3.087

0.000

8.835

12.390

wqi0 (points)

77.230

8.426

50.000

80.550

84.720

delwqi (points)

2.957

3.790

0.683

1.244

20.000

hedonic

0.818

0.386

0.000

1.000

1.000

secchi

0.897

0.304

0.000

1.000

1.000

mwtp

0.826

0.379

0.000

1.000

1.000

lgincome (U.S. dollars)

11.030

0.159

10.710

10.98

11.290

notmsrb

0.393

0.490

0.000

0.000

1.000

t

13.360

8.910

1.000

20.000

21.000

Notes: Abbreviations: mwtp (i.e., marginal willingness to pay), msrb (Mississippi River Basin)

Table 6.3 gives the summary statistics for all the variables used in the water quality
model. From table 6.3, the mean value for the individuals’ willingness to pay found using the
benefit transfer approach was $22,942. Across all studies that average water quality index
baseline (wqi0) value was 77.23. The average change in water quality index (delwqi) for the
meta-analysis was 0.683. As for income, the average median household income was $62,228
across all 10 studies
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CHAPTER VII
RESULTS
7.1

Water Quality Model Results

Table 7.1

Water Quality Index 1 Model Regression Results
Water Quality Index Data Set 1

Variable

Estimate Coefficients

Std. Error

t value

Pr(>|t|)

corncrop (%)

-0.099

0.095

-1.049

0.294

field2 (%)

-0.251

0.056

-4.456

9.22e-06 ***

nonfieldcrop (%)

-0.168

0.105

-1.602

0.109

pasture (%)

-0.172

0.064

-2.689

0.007 **

others (%)

-0.309

0.068

-4.541

6.23e-06 ***

HUC2ch10

37.443

1.976

18.958

< 2e-16 ***

HUC2ch11

52.793

1.902

27.753

< 2e-16 ***

HUC2ch5

42.550

1.957

21.733

< 2e-16 ***

HUC2ch6

47.657

1.682

28.336

< 2e-16 ***

HUC2ch7

21.083

3.178

9.781

< 2e-16***

HUC2ch8

35.863

1.241

28.885

< 2e-16***

Adjusted 𝑅 2

0.802

# Of Obs.

1067

Significant Codes: <0.01 ‘***’, <0.05 ‘**’, <0.10 ‘*’
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Table 7.2

Water Quality Index 2 Model Regression Results
Water Quality Index Data Set 2

Variable

Estimate Coefficients

Std. Error

t value

Pr(>|t|)

corncrop (%)

-0.203

0.064

-3.178

0.001 ***

field2 (%)

-0.209

0.037

-5.600

2.59e-08 ***

nonfieldcrop (%)

-0.125

0.085

-1.473

0.140

pasture (%)

-0.336

0.047

-7.151

1.40e-12 ***

others (%)

-0.171

0.052

-3.249

0.001 ***

HUC2ch10

38.779

1.704

22.747

< 2e-16 ***

HUC2ch11

39.163

1.606

24.380

< 2e-16 ***

HUC2ch5

46.466

1.686

27.555

< 2e-16 ***

HUC2ch6

50.655

1.906

26.564

< 2e-16 ***

HUC2ch7

38.109

1.832

20.801

< 2e-16 ***

HUC2ch8

42.117

1.065

39.538

< 2e-16 ***

Adjusted 𝑅 2

0.807

# Of Obs.

1369

Significant Codes: <0.01 ‘***’, <0.05 ‘**’, <0.10 ‘*’
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Table 7.3

Water Quality Index 3 Model Regression Results
Water Quality Index Data Set 3

Variable

Est. Coefficients

Std. Error

t value

Pr(>|t|)

corncrop (%)

-0.078

0.091

0.859

0.390

field2 (%)

-0.253

0.051

-4.896

1.17e-06 ***

nonfieldcrop (%)

0.023

0.096

0.244

0.807

pasture (%)

-0.156

0.068

-2.280

0.022 **

others (%)

-0.158

0.059

-2.635

0.008 ***

HUC2ch10

33.385

1.999

16.696

< 2e-16 ***

HUC2ch11

33.511

1.941

17.259

< 2e-16 ***

HUC2ch5

41.532

1.887

22.007

< 2e-16 ***

HUC2ch6

45.736

2.140

21.372

< 2e-16 ***

HUC2ch7

29.159

3.007

9.695

< 2e-16 ***

HUC2ch8

31.776

1.103

28.802

< 2e-16 ***

Adjusted 𝑅 2

0.830

# Of Obs.

845

Significant Codes: <0.01 ‘***’, <0.05 ‘**’, <0.10 ‘*’

Tables 7.1, 7.2, and 7.3 shows the estimated parameters of the water quality model, for
each of the three ways in which the water quality index was calculated from available water
quality parameters in the historical data. For this study the second water quality index data set
will be used to find the predicted water quality index values because all the statistically
significant variables had the expected signs. In the third specification for the water quality index
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(table 7.3), the land-use change variables do not have the correct signs as expected. In the first
specification (table 7.1), the variables nonfieldcrop and others have a positive sign in the
coefficient estimates. Also, in the regression results some of the variables are not statistically
significant in table 7.2 unlike table 7.1. Between table 7.1 and 7.2, the water quality model
regression results are similar, but the variables corncrop and nonfieldcrop in table 7.1 are not
statistically significant. As shown in table 7.2, the land-use change variables such as corncrop
and field2 have negative values in the regression.
As shown in table 7.2, when acres devoted to crops such as corn, soybeans, rice, wheat,
and cotton, which require higher levels of fertilizer, we would expect the water quality index
values to decrease. In these regression results we found that a 1% increase in corncrop would
lead to a -0.203 unit decrease in wqi, a 1% increase in field2 would lead to a -0.209 unit decrease
in wqi, a 1 % increase in nonfieldcrop would lead a -0.125 unit decrease in wqi, a 1% increase in
pasture would lead to a -0.336 unit decrease in wqi, and a 1% increase in others would lead to a 0.171 unit decrease in wqi. We can now use this estimated model, along with the predicted land
cover output from the POLYSYS, to predict water quality index values for each of the five future
scenarios.
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7.2

Predicted Water Quality for Potential Policy Scenarios

Table 7.4

Predicted Water Quality Index from Water Quality Data Set 2

Scenario

Mean

Std.

Minimum

Median

Maximum

Deviation
Baseline

28.165

8.750

6.262

28.221

49.940

Rfs002

28.197

8.745

6.262

28.245

49.940

Low Jet Fuel

28.166

8.750

6.262

28.221

49.490

28.199

8.747

6.262

28.245

49.941

28.395

8.724

6.262

28.553

49.941

(Jet001)
Medium Jet
Fuel (Jet002)
High Jet Fuel
(Jet003)
Table 7.4 shows the mean predicted water quality index values across all counties for
each scenario. The mean themselves do not show much variation. Notably, the mean predicted
water quality index values are lower than the mean water quality index values taken from the
historical data. Across the five scenarios, the baseline scenario has the lowest mean predicted
water quality index value of 28.165. The highest mean predicted water quality index value comes
from the high jet fuel demand scenario given as 28.395.
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Table 7.5
Year

Predicted Water Quality Index for Each Scenario Using 10-year Intervals

Scenario

Mean

Std. Deviation

2025 Baseline

28.161

8.755

6.262

28.213

49.939

Rfs002

28.192

8.750

6.262

28.243

49.939

Low Jet Fuel (Jet001)

28.161

8.754

6.262

28.214

49.939

Medium Jet Fuel (Jet002)

28.161

8.754

6.262

28.214

49.939

High Jet Fuel (Jet003)

28.161

8.754

6.262

28.214

49.939

28.167

8.751

6.262

28.221

49.940

Rfs002

28.202

8.745

6.262

28.245

49.940

Low Jet Fuel (Jet001)

28.168

8.751

6.262

28.222

49.940

Medium Jet Fuel (Jet002)

28.190

8.748

6.262

28.243

49.941

High Jet Fuel (Jet003)

28.452

8.730

6.262

28.610

49.941

28.167

8.751

6.262

28.225

49.940

Rfs002

28.213

8.742

6.262

28.264

49.940

Low Jet Fuel (Jet001)

28.168

8.750

6.262

28.447

49.940

Medium Jet Fuel (Jet002)

28.345

8.740

6.262

28.447

49.941

High Jet Fuel (Jet003)

28.885

8.610

6.262

29.016

49.941

2035 Baseline

2045 Baseline

Minimum Median Maximum

Table 7.5 shows the predicted water quality index for each scenario is shown across three
different years. The years presented in table 7.5 are 2025, 2035, and 2045. Table 7.5 is presented
to show the changes in water quality index for each scenario between ten-year intervals. In 2025,
the average water quality index for each scenario was 28.161 except the rfs002 scenario where it
was 28.192. In 2035, the average water quality index for each county inside the Mississippi
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River Basin varied depending on the scenario. For the baseline scenario the average water
quality index was 28.167, rfs002 28.202, low jet fuel demand 28.168, medium jet fuel demand
28.190, and high jet fuel demand 28.452. During the year 2045, the average water quality for the
baseline scenario was 28.167, 28.213 for the rfs002 scenario, 28.169 for the low jet fuel scenario,
28.345 for the medium jet fuel scenario, and 28.885 for the high jet fuel scenario. This table is
given to reveal how the predicted water quality index values vary for each scenario across three
ten-year intervals.
7.3

Benefit Transfer Model Results

Table 7.6
Coefficients

Benefit Transfer Model Regression Results
Estimate

Standard Error

t-value

Pr(>|t|)

Intercept

68.197

44.894

1.519

0.167

wqi0

0.159

0.113

1.404

0.197

delwqi

0.460

0.024

18.514

7.467e-08 ***

lgincome

-7.945

3.281

-2.421

0.041 **

notmsrb

3.148

1.570

2.005

0.079 *

hedonic

2.686

0.845

3.178

0.013 *

secchi

4.915

1.560

3.150

0.013 *

mwtp

1.754

0.719

2.439

0.040 **

t

0.337

0.083

4.037

0.003 ***

Adjusted 𝑅 2

0.9444

# Obs.

127

Significant Codes: <0.01 ‘***’, <0.05 ‘**’, <0.10 ‘*’
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Table 7.6 displays the regression results obtained from the meta-analysis of individuals’
willingness to pay for water quality changes. For every 1-unit change increase in the change in
the water quality index (delwqi), individuals’ willingness to pay would increase by 4.6%. As for
income (lgincome), with a 1% increase in income we would expect willingness to pay to
decrease -7.945%. As for notmsrb, every study not inside the Mississippi River Basin their
willingness to pay would increase by 3.15%. A study that used hedonic pricing had individuals’
willingness to pay value increase by 2.86%, If the study measured changes in water quality using
Secchi-depth individuals’ willingness to pay would increase by 4.91%. Finally, if the study used
marginal willingness to pay (mwtp) individuals’ willingness to pay would increase by 1.75%.
7.4

Predicted Willingness to Pay for Potential Policy Scenarios

Table 7.7

Predicted Willingness-to-pay for Water Quality Data Set 2 from 2018 to 2045

Scenario

Mean

Std.
Deviation

Minimum

Median

Maximum

Baseline

0.136

7.798

-72.298

0.110

72.833

Rfs002

0.228

7.822

-72.386

0.122

72.714

Low Jet Fuel

0.129

7.798

-72.301

0.107

72.828

Medium Jet
Fuel

0.437

7.933

-72.284

0.144

72.825

High Jet Fuel

1.197

9.197

-43.661

0.219

143.549

Table 7.7 shows an overview of willingness to pay per household in the Mississippi River
Basin for water quality changes, as measured by the difference between predicted water quality
in 2045 (from the water quality model predictions) and water quality in 2018. The willingness to
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pay values are calculated from the estimated benefit transfer model using the estimated
parameter values from table 7.6 and the aforementioned predicted changes in water quality for
each of the five scenarios. In the prediction, income is set to the average income in the metaregression sample, notmsrb is set to 0 notmsrb because we are making predictions for counties in
the Mississippi River Basin, secchi is set to average secchi depth (meters), mwtp is set to the
average in the meta-data, and t is set to the average publication year within the meta-data. With
the baseline scenario, the mean willingness to pay was $0.13 for a change in water quality. Also,
in the baseline scenario the maximum willingness to pay for a change in water quality was
$72.83 meaning these individuals would pay this amount for an improvement in water quality.
For the rfs002 scenario, the mean willingness to pay was $0.22 for a change in water quality. The
maximum willingness to pay value for a change in water quality for the rfs002 scenario was
$72.71. In the low jet fuel demand scenario (jet001), the mean willingness to pay was $0.12. The
maximum willingness to pay for this scenario was $72.30. For the medium jet fuel demand
scenario (jet002), the mean willingness to pay was $0.43. The maximum willingness to pay for
the medium jet fuel demand scenario was $72.82. Finally, for the high jet fuel demand scenario
(jet003), the mean willingness to pay was $1.19. The maximum willingness to pay for an
improvement in water quality for the high jet fuel demand was $143.55. Across all five scenarios
the highest willingness to pay per household at the county level in the Mississippi River Basin
was the high jet fuel demand scenario while the lowest willingness to pay came from the rfs002
demand scenario.
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Table 7.8

Varied Time Intervals for Predicted Willingness to Pay for each Scenario

Years

Scenario

Mean

Std. Dev.

Min.

Median

Max.

2018-2020

Baseline

0.178

7.797

-72.387

0.123

72.719

Rfs002

0.200

7.806

-72.468

0.123

72.603

Low Jet Fuel (Jet001)

0.178

7.797

-72.387

0.123

72.712

Medium Jet Fuel (Jet002)

0.178

7.797

-72.387

0.123

72.712

High Jet Fuel (Jet003)

0.178

7.797

-72.387

0.123

72.712

Baseline

0.076

7.798

-72.430

0.089

72.654

Rfs002

0.166

7.811

-72.507

0.108

72.550

Low Jet Fuel (Jet001)

0.076

7.798

-72.429

0.089

72.656

Medium Jet Fuel (Jet002)

0.076

7.798

-72.429

0.089

72.656

High Jet Fuel (Jet003)

0.076

7.798

-72.429

0.089

72.656

Baseline

0.105

7.798

-72.344

0.097

72.771

Rfs002

0.192

7.814

-72.432

0.116

72.652

Low Jet Fuel (Jet001)

0.105

7.798

-72.350

0.099

72.763

Medium Jet Fuel (Jet002)

0.105

7.798

-72.350

0.099

72.763

High Jet Fuel (Jet003)

0.336

7.866

-72.344

0.131

72.770

Baseline

0.125

7.798

-72.321

0.106

72.802

Rfs002

0.216

7.815

-72.401

0.121

72.693

Low Jet Fuel (Jet001)

0.126

7.798

-72.324

0.105

72.798

Medium Jet Fuel (Jet002)

0.205

7.814

-72.322

0.119

72.801

High Jet Fuel (Jet003)

0.621

8.088

-66.114

0.158

82.143

2018-2025

2018-2030

2018-2035
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Table 7.8 (Continued)
Years

Scenario

Mean

Std. Dev.

Min.

Median

Max.

2018-2040

Baseline

0.135

7.798

-72.306

0.109

72.822

Rfs002

0.217

7.816

-72.392

0.122

72.705

Low Jet Fuel (Jet001)

0.132

7.798

-72.308

0.109

72.820

Medium Jet Fuel (Jet002)

0.259

7.830

-72.300

0.125

72.831

High Jet Fuel (Jet003)

0.9300

8.681

-50.675

0.187

117.478

Table 7.8 shows the predicted dollar value for changes in water quality between 2018 and
a few intermediate years along the entire projection to partially illustrate the dynamics of value
changes. From the years 2018 to 2020, for each jet fuel demand scenario the predicted
willingness to pay is similar. Across the baseline and each jet fuel scenario from 2018 to 2020,
the mean willingness to pay was $0.17, while the rfs002 scenario was $0.20. From 2018 to 2025,
the mean willingness to pay for the baseline and the jet fuel demand scenarios was $0.07. From
2018 to 2030, the mean willingness to for the baseline, low jet fuel, and medium jet fuel scenario
was $0.10. The highest mean willingness to pay from 2018 to 2030 was $0.33.The mean
willingness to pay for an improvement in water quality from 2018 to 2035 varied from each
scenario with the highest being from the high jet fuel demand scenario with a value of $0.62.
Finally, from 2018 to 2040 the mean willingness to pay for the baseline scenario was $0.13. The
highest willingness to pay value on average during 2018 to 2040 was created under the high jet
fuel scenario where individuals would be willing to pay up to $0.93 for an improvement in water
quality. All the willingness to pay values for changes in water quality are measured per
household at the county level in the Mississippi River Basin. So, from table 7.8, we can see that
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water quality on average is not changing much across counties where the willingness to pay
values are close to 0, but from this table there is variation across counties where some
willingness to pay values vary from -$72 to $143. Overall, we can see that individuals’ wellbeing decreases until 2025 where willingness to pay begins to increase. The one scenario that
stands about from the others is the rfs002 scenario where welfare decreases by as much as the
other scenarios on average.
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Figure 7.1

Histogram of Predicted Willingness to Pay for Each Scenario

In figure 7.1, histograms for the predicted willingness to values across each scenario are
shown. Each histogram reveals similar results as table 7.7 where the willingness to pay values do
not vary too much across each scenario except for the high jet fuel demand scenario. Like table
7.7, as shown in figure 7.1 the predicted willingness to pay under the high jet fuel demand
scenario during 2018 to 2045 on average was lower than the other scenarios.
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CHAPTER VIII
CONCLUSION
The introduction of policies such as the Renewable Fuel Standard that call for the
increase in bioenergy crop production can have an impact on ecosystem services. Water quality
is an important ecosystem service that can be impacted. As these mandates call for more
production for crops used in biofuel production, land-cover and land-use characteristics will
change. When there are land-cover changes, this is when ecosystem services like water quality
will be affected. I use a model of water quality, estimated using historical data, and of
willingness to pay for water quality changes, estimated using meta-data from the literature, along
with predictions of how land cover will change, in order to estimate welfare changes resulting
from water quality changes between 2018 and 2045 for five different scenarios that vary
according to expected biofuel policy and jet fuel demand. Here water quality measured on the
water quality index was a function of land-use and land-cover characteristics. The other model
used in this study was the benefit transfer model. A meta-analysis was used to construct this
model reviewing studies that measured changes in water quality and estimated individuals’
willingness to pay for changes in water quality.
8.1

Implications
From this research, the results have shown how the implementation of RFS and RFS2

influenced water quality in the Mississippi River Basin. In the water quality model, the
regression results revealed a percent change in land cover for corn, soybeans, cotton, rice, wheat,
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pasture, etc., (corncrop, field2, nonfieldcrop, pasture, others) at the county level would create a
unit decrease in water quality. From the various studies collected in the benefit transfer model, as
water quality increases the percent in individual’s willingness to pay for a change in water
quality would increase. A main part of this study was considering different potential biofuel
scenarios that would be enacted after RFS and RFS ended in 2022. The predicted water quality
values across each scenario on average decreased over time as shown in table 7.4. The predicted
water quality values were then used in the benefit transfer model to find predicted willingness to
pay values. In this study, the predicted willingness to pay was also estimated considering the
introduction of the five different scenarios in the future. From the results, the predicted
willingness to pay for each scenario was very similar except for the high jet fuel demand. This
scenario presented a lower willingness to pay for an improvement in water quality on average
than the other scenarios. Compared to the willingness to pay estimates from the previous
studies, the predicated willingness to pay values were lower.
Overall, policy makers that introduced policies that create a large demand for biofuel
production must understand the implications that can arise. For this study, the policies like RFS
and RFS 2 had an impact on water quality by creating proportional land-use changes across the
Mississippi River Basin. From the regression results in the water quality model, as the proportion
of land-use changes increased there would be a unit decrease on the water quality index. This
study also considered the five scenarios and from the results we can conclude that each of these
scenarios will create proportional land-use changes. Within each scenario, proportional land-use
changes for different crops were created. Each scenario created crop proportional land-use
changes depending on the assumptions made from each scenario. Across the scenarios as
demand increased for specific biofuel productions, we saw an increase in proportional land-use
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changes. As the proportional land-use changes increased for each scenario, the water quality
index changed. These results are important for what the next steps are for creating biofuel
policies for the future.
8.2

Limitations
After all the work conducted during this research process, there were some limitations

that need to be discussed. One of the limitations in my research was the water quality index
values that were calculated were derived from historical data. Another limitation was that the
water quality index values were calculated based on a limited set of parameters. One limitation in
this research is how the prediction model does not account for topography or other physical
features that could potentially affect water quality that is not presented in the model. Finally,
another limitation of this research came from the benefit transfer model where only 10 studies
were used to transfer estimates into the model.
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